Motivation: The functional interpretation of microarray datasets still represents a time consuming and challenging task. Up to now functional categories being relevant for one or more experimental context(s) are commonly extracted from a set of regulated genes and presented in long lists. Due to the rapidly increasing amount of annotation data available, we apply an annotation-filter. Hereby the number of displayed annotations can be significantly reduced to a set of descriptive ones, further enhancing the interpretability of the plot. We validated the method on transcription data from Saccharomyces cerevisiae and human pancreatic adenocarcinomas.
Introduction
Microarrays have become a common tool to query expression levels of thousands of genes or even complete genomes, resulting in large amounts of data to be analyzed. However, identification of significantly regulated genes is only the first step in analysis. Having lists of differential genes at hand, researchers rely on gene-annotation data to deduce biological meaning. This involves gathering annotations from databases and identifying the characteristics of the extracted set of genes. The Gene Ontology (GO) consortium initiated a standardization of annotation terms making them applicable for different organisms and facilitating data exchange among laboratories and databases (Consortium, 2000 (Consortium, , 2001 . These characteristics render GO annotations a powerful tool for the interpretation of microarray data.
Up to now, methods allowing the analysis of microarray data in the context of GO terms (Hosack et al., 2003; Beißbarth & Speed, 2004; Al-Shahrour et al., 2004; Robinson et al., 2004) are not capable of displaying genes, experimental conditions and annotations in a single plot. These methods are based on a twostep process: initially, a list of regulated genes needs to be computed. Based on this, annotation terms which are significantly over-or under-represented within this list -compared to a reference list, that usually consists of all genes on the array -are extracted. Current methods allow only for a comparison of two experimental settings at a time and/or are restricted to one of the main GO categories or to a specific GO level. Furthermore the resulting annotations are presented in long lists. Such a one dimensional setting does not display the actual similarities among annotations in an optimal way, especially with regard to the rapidly growing annotation data available.
Here, we present a method not limited in the number of experimental conditions that can be compared. In our approach, GO-annotations are analyzed at all possible levels of detail simultaneously. Correspondence Analysis (CA) (Hayashi, 1952; Lebart et al., 1984; Greenacre, 1993a) is not limited in the number of experimental conditions that can be compared and has successfully been applied in the analysis of microarray data (Kishino & Waddell, 2000; Fellenberg et al., 2001 ). The analysis can be enhanced by adding annotations as supplementary rows (Greenacre, 1993b) . They appear at indicative positions (centers of gravity) in the final visualization, without contributing directly to it. That means the plotted positions of genes would be the same with or without the supplementary information. CA allows the visualization of genes, experimental conditions and gene-annotations in a single plot. This provides an overview of their associations and thereby an immediate identification of relevant GO annotations even in complex experimental settings.
We have integrated all the steps involved in such an analysis with M-CHiPS (Multi-Conditional Hybridisation Intensity Processing System) (Fellenberg et al., 2001 (Fellenberg et al., , 2002 . This allows researchers to conduct a complete microarray data analysis, i.e. normalization, filtering, clustering as well as functional categorization, in one system.
Results
To demonstrate the applicability of our approach we analyze a dataset of the model-organism Saccharomyces cerevisiae focusing on the well-studied glucose pathway (Yin et al., 2003) . The relevant data is publically available from [http://mips.gsf.de/proj/eurofan/eurofan_2/b2/dkfz/results_mce37.txt].
Saccharomyces cerevisiae had been grown in media containing different amounts of glucose (0%, 0.01%, 0.1%, 1%). For each of these conditions, RNA had been isolated, processed and hybridized to microarrays (Hauser et al., 1998b) . The data had been normalized and filtered (Beißbarth et al., 2000; Fellenberg et al., 2001) such that the data-matrix being submitted to CA holds normalized transcription intensities, rows depicting the genes, columns the experimental conditions. Conditions are represented by the gene-wise median of repeatedly performed hybridizations. The gene annotations were filtered such that only GO terms containing a minimum of 5 genes are displayed in analysis.
Boolean Implementation
Adding supplementary variables to the analysis (Micciolo et al., 1985; Greenacre, 1993b ) is a well known method to enhance the interpreteability of a CA plot.
Moreover (Hoffman & Franke, 1986; Charnomordic & Holmes, 2001; Dieterich et al., 2003) have shown the applicability of CA to analyze boolean matrices.
The association of gene-products with annotations can be considered a boolean variable -annotations for a specific gene-product are either available or not. Ac-cordingly, each annotation is represented by a 0/1-vector, being 1 for each gene that is associated to the particular annotation. We add these annotation-vectors as supplementary columns to the data-matrix. Since annotations are implemented supplementary (here as supplementary columns), they do not contribute to the computation of the principal axes (i.e. are plotted without mass (Greenacre, 1993b; Fellenberg et al., 2001) ).
In the resulting plot (Fig. 1a) , the displayed χ 2 -distance is a measure of association among the individual rows (genes) and among the columns (experimental conditions, single hybridizations and GO annotations). Column profiles similar to the average profile (showing no strong association to any row) are plotted close to the centroid of the map (and vice versa). Profiles highly dissimilar to the average profile are plotted near the margins of the plot, in Fig. 1a , for example, annotation GO:0006099 is plotted in a marked position near the margins of the plot (lower right corner) indicating that the annotation's profile differs significantly from the average profile. A high similarity of two profiles is reflected by a small distance of the data points in the plot. Points which have anti-correlated profiles are located in opposite directions from the centroid. More details on interpretation of CA plots are given in refs. (Greenacre, 1984 (Greenacre, , 1993a Kishino & Waddell, 2000; Fellenberg et al., 2001) .
[ Figure 1 about here.] In the boolean implementation, the annotations (depicted as cyan squares) are predominant over genes and conditions, i.e. the profiles of a large number of anno-tations deviate much stronger from the average profile than even the most differential profiles of the experimental conditions and genes. Thus, only annotations are found near the margins of the plot (Fig. 1a) , while both genes and experimental conditions are essentially limited to a small area in the middle of the plot.
This interferes with an efficient interpretation. Nevertheless, annotations such as 'tricarboxylic acid cycle' (GO:0006099) and 'carbohydrate transporter activity' (GO:0015144) can already be found in marked positions indicating relevance of these annotations.
Intensity Based Implementation
The interpretability of the plot can be enhanced by diminishing the predominance of the annotations. To this end, we code the annotations as supplementary rows (instead of columns), whose elements are computed based on the expression intensities of the annotated genes. For each annotation, a representative expression profile is calculated by the experiment-wise sum of the annotated genes: let x i j be the normalized expression intensities for gene i = 1..n, in condition j = 1..m;
A k ⊂ {1..n} denote the set of genes annotated to GO term k. ∑ i k ∈A k x i k j is used as a representative gene profile for term k. These vectors are added as supplementary rows to the data-matrix (Fig. 1b) . As with supplementary columns, supplementary rows do not contribute to the computation of the principal axes (Greenacre, 1993b; Fellenberg et al., 2001) . Summation of the expression intensities of the annotated genes places the corresponding annotation in the center of gravity of these genes, e.g. the position of annotation GO:0006099 in Fig. 3 represents the center of gravity (centroid) of the annotated genes (tagged by red circles).
In Fig A distinct cluster of annotations can be observed, which was not detectable in the boolean approach. The cluster consists of 9 different annotations, whose GO identifiers and corresponding terms are listed in Table 1 . All annotations describe, at different levels of detail, the activation of carbohydrate-transport into the cell.
[ Table 1 about here.] These are linked to a set of 13 genes, all of which belong to more than one annotation of the cluster (Table 2 ).
[ Table 2 about here.]
The position of the cluster indicates negative association with the control condition (no glucose in medium) and positive association with the remaining conditions with stronger association, i.e. up-regulation, in response to low glucose signals (0.01% and 0.1% glucose). This is consistent with prior findings identifying HXT1 to HXT7 as key enzymes for the uptake of glucose with HXT2, HXT6
and HXT7 being important for growth on 0.1% glucose (Yin et al., 2003) .
The identified annotation cluster is still distinguishable when only genes with most reproducible expression profiles are analyzed (Fig. 2) . The annotations comprised in the cluster remain constant (as shown in Table 1 ). Only the number of distinct genes is reduced to six (marked bold in Table 2 ).
[ Due to more stringent gene-filters, the overall number of displayed annotations is reduced such that a further annotation ('plasma membrane' -GO:0005886) becomes apparent, being associated with the same condition (0.1% glucose), i.e. being located in the same direction as the 'transporter-cluster'. The localization of transporter proteins in the plasma membrane is in agreement with the work of Boles and coworkers (Boles & Hollenberg, 1997) .
Identifying most descriptive annotations
Results shown so far were based solely on filtering genes -displaying all associated annotations having a minimum of 5 genes. With increasing amounts of gene-information available, the display of all available annotations would severely reduce the clarity of the plot. Thus, for initial analysis, filtering out annotations that are not likely to provide useful information (i.e. annotations not functionally characterizing any experimental condition or cluster) leads to a better interpretation of the analysis plot and unravels information that would be lost otherwise.
We consider an annotation as helpfully descriptive, if the associated genes show a common transcription profile, for example Fig.4 (Kishino & Waddell, 2000) of immunoglobulin related genes. To measure the descriptiveness of an annotation, we compared the non-parametric correlation coefficients of Spearman and Kendall. To measure the descriptiveness of an annotation, we compared the non-parametric correlation coefficients of Spearman and Kendall. Their performance has been evaluated on a set of self-defined 'standard annotations' and analyzed by Receiver Operating Characteristics (ROC) graphs (Swets & Pickett, 1982) . The coefficients perform very similar, even though at high cutoff values the best classification was achieved with Spearman's rank correlation coefficient (data not shown).
[ Figure 3 about here.] Figure 3 shows the resulting CA-map when applying Spearman's rank correlation coefficient as an annotation filter. The total number of displayed annotations was reduced to 15 (Table 3) In the opposite direction of the centroid, a cluster of annotations can be found, which apart from the obvious annotations 'glycolysis' and 'glucosidase activity' is mainly comprised of annotations referring to the ribosome (Table 3) . Their positions in the CA-Map indicate up-regulation of the corresponding genes at 0.1% and 1% glucose, consistent with ref. (Yin et al., 2003) . In the presence of sufficient amounts of glucose, yeast cells invest energy in the production of ribosomes to enable rapid growth and reproduction. This is also reflected by the up-regulation of genes responsible for 'amino acid biosynthesis' (GO:0008652), which is essential for prolonged growth.
[ Table 3 about here.]
Human cancer case study
To demonstrate the performance of our approach in a more complex experimental context, we analyzed the data set described in (Esposito et al., 2004) . RNA from human ductal adenocarcinomas, cystic tumors and normal pancreas tissue was extracted, labeled and hybridized to a cDNA microarray. The resulting data has been processed analogous to the previous data set. Annotations were added as supplementary rows to the data matrix (intensity based implementation) and filtered by Spearman's correlation coefficient such that the number of displayed annotations was reduced to 35 (Fig. 4) .
[ Figure 4 about here.]
The separation of normal tissue from cancer samples is clearly visible along the x-axis, whereas the new tumor entity (Esposito et al., 2004) separates from ductal and cystic tumors along the y-axis. Three clusters of annotations can be distinguished: annotations associated to normal tissue (A), associated to ductal and cystic (B) and generally tumor associated (C). The complete list of displayed annotations is listed in Table S1 (supplementary material).
Amongst others, annotations 'mismatch repair' (GO:0006298) and 'maintenance of fidelity during DNA-dependent DNA replication' (GO:0045005) are contained in the normal-associated cluster A. The genes annotated to them are MSH2, MSH3 and MLH1. These are DNA mismatch repair enzymes. It has been reported that a loss of their function could be associated with invasive bladder cancer (Thykjaer et al., 2001 ) and these genes could be potential prognostic factors in colorectal cancers (Jansson et al., 2003; Plaschke et al., 2004) .
Annotations in cluster B should be evaluated cautiously. Even though there are several different features (i.e. clones) associated to each of the annotations, effectively there is only 1 gene per annotation, since the annotated clones contain identical genes. This suggests the addition of a software option to remove or concatenate clones from the same gene might be useful. In the tumor associated-cluster C, the annotation 'traversing start control point of mitotic cell cycle' (GO:0007089) can be found. The comprised genes are CDK10 (represented by 3 different clones), CDC2 and CDC25C. It is well known that cyclin dependant kinases play a crucial role in controlling the cell cycle (Murray, 2004 ) with CDK10 having a potential role in regulating the G2/M phase (Kasten & Giordano, 2001 ).
To facilitate functional interpretation of microarray data we present two approaches for the integration of gene annotation data in CA. The first approach builds on coding the GO annotations as boolean variables (Hoffman & Franke, 1986; Charnomordic & Holmes, 2001; Dieterich et al., 2003) . However an intuitive interpretation of the plot is hampered by the predominance of the annotations (Fig. 1a) . This is due to the boolean nature of the annotation vector, resulting in large relative changes for which CA is sensitive. To increase the clarity of the plot, we combined the expression profiles of the annotated genes for each GO annotation by summation.
These combined profiles function as representatives for the annotations and are added to the data matrix as supplementary rows.
Apart from smoothly interfacing transcription data with boolean variables the intensity-based coding improves on first extracting relevant genes from transcription profiling before imposing a boolean variable (Dieterich et al., 2003) . The intensity based coding could prove to be generally applicable to interface transcription data to further variables of boolean nature, such as affiliation to regulatory sequences or methylation.
Alternatively to representing annotations by the sum of the annotated genes the median expression profile could be used. In the majority of cases the resulting plots are virtually the same (data not shown). Nevertheless, for more general annotations (which comprise higher number of genes) commonly only a small portion of the annotated genes exhibits differential expression. Representing these by their median will extinct the influence of the few differential genes, such that the annotation will be plotted near the centroid, whereas summation accounts for the possibility of only few differential genes in an annotation.
CA not only allows to plot annotations as supplementary rows (Greenacre, 1993b ), but to compute the principal components based on the annotations (i.e.
give them mass ), which might be helpful in some cases. However, in the discussed Saccharomyces data plotting annotations with mass only marginally changes their position in the plot (data not shown). Moreover, in many cases annotations for the most differential genes are either not available or not relevant in the particular experimental context. Principal components soley computed on annotations would not display these genes at marked positions, such that this information would be lost.
For even better interpretability of the map, an annotation filter was applied which is based on the homogeneity of the expression profiles of the annotated genes. It leaves only the most descriptive annotations to be displayed in analysis: all annotations selected by the filter (Table 3 ) describe functional processes that are known to be regulated in the given experimental context. Without filtering, all of those (except for GO:0006099) were plotted in positions (Fig. 1b) masked by a large number of comparably uninformative GO annotations, whose genes are inhomogenously transcribed yet sum-up to profiles of considerable variability.
We validated our approach on the well understood glycolysis pathway in the model organism Saccharomyces cerevisiae and in the more complex setting of a human cancer case study. The identified annotations describe processes, which are important in the development and progression of cancer and thus provide a valid overview of mechanisms relevant in cancer.
In summary, we provide a method which facilitates the functional interpretation of microarray data by the integration of GO annotations in CA. Our method is not limited in the number of experimental conditions to be compared simultaneously and analyzes GO annotations at all possible levels of detail. Moreover, especially the ability of combining experimental conditions, differentially transcribed genes and shared GO annotations in a single plot is crucial for data interpretation, since location of the various clusters in the plot provides additional information and allows easy identification of associations between and among them, even in complex experimental settings. Representing shared gene annotations as supplementary data rows is shown to add functionality to the already powerful Correspondence Analysis approach. This facilitates the interpretation of microarray data.
Systems and Methods

Obtaining gene annotations
For the experiment described, arrays consist of 6103 yeast-genes (Hauser et al., 1998a) . Mapping of these genes to GO terms was carried out using the systematic gene-name (e.g.: YBR166C) and the common name (TYR1) in the association file provided by SGD. A total of 3060 distinct GO annotations was found, which annotate 5506 (90.22%) genes on the array. In Fig. 1 only genes that have a maximal normalized intensity value equal to or larger than 10 in any experimental condition (intensity filter) were submitted to analysis. In Fig. 2 and Fig. 3 , genes were filtered out, whose transcription intensities remain below 30 and/or show a minmax-separation (a quality filter that assesses how well repeatedly measured genes are separated under two different conditions (Beißbarth et al., 2000) ) of less than 0.3. In these two figures, the y-coordinates of the data-points were multiplied by -1 (i.e. mirrored at x-axis) for better interpretability. In Fig. 3 terms with a mean Spearman correlation coefficient of less than 0.8 were discarded.
In the human cancer case study (Fig. 4) , genes were filtered out, whose transcription intensities remain below 3,000,000 and above 50,000 (saturation effects) and/or show a minmax-separation of less than 0.2. The mapping of genes to GO terms was based on the RZPD clone Id. Here, terms containing less than 3 features and a mean Spearman correlation coefficient of less than 0.7 were discarded. GO terms are hierarchically structured from a most general term (i.e. Gene Ontology) down to the most specific ones. In the association files a gene is always annotated by the node, which carries the most detailed information known about the gene-product. The so called 'true path' rule defines that all parent nodes of each annotation are also true, i.e. valid for a particular gene-product (Consortium, 2001 ). To utilize this information for CA, we associated the gene not only to the annotation specified in the file but also to each parental node up to the root and thus enable an analysis at all possible levels of detail at the same time.
Prior to analysis the root term (Gene Ontology) and the three main category terms (biological process, cellular component and molecular function) are deleted as well as the annotation 'unknown' from each category, since they do not carry any useful information for interpretation of gene-clusters in CA. Our implementation furthermore enables to focus analysis on any combination of the main GO categories.
Filtering annotations
As an initial step all annotations comprised of only one gene are discarded.
The normalized transcription intensity values of the genes being associated to a particular annotation have been used to calculate the average of all pairwise correlation coefficients. If anti-correlation of genes in an annotation is considered to be descriptive as well, absolute values of the correlation coefficients can be used instead.
Filtering based on GO evidence codes is implemented, though not applied for the data shown.
ROC-curves to evaluate filter performance
Receiver Operating Characteristics (ROC) graphs are a tool to assess the performance of a classifier based on an evaluation set, for which the true categories of all elements are known. This method is described in detail in (Swets & Pickett, 1982) . We applied it to assess the performance of potential filter parameters.
To this end, we picked a set of 65 'standard' GO annotations undoubtedly categorizable 'by eye' based on overall similarity and other criteria of the expression profiles of the genes contained therein.
M-CHiPS System
The majority of the code is written in MATLAB, with extensions in C and Perl.
The data is stored in a PostgreSQL database (version 6.5) running on a Sun E450 server. The system is accessible via a x-connection. Experimental annotations can be defined, altered and stored via a web interface. A stand-alone application is currently under development and will be available from the authors by summer 2005. Table 3 . Genes annotated as 'tricarboxylic acid cycle' (GO:0006099) are encircled red. Note that this annotation represents the center of gravity of the corresponding genes. 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YMR011W (HXT2) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 
YDR345C (HXT3)
5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YHR092C (HXT4) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YHR096C (HXT5) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YDR342C (HXT7) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YJL214W (HXT8) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 YJR158W (HXT16) 5353, 5355, 8643, 8645, 15144, 15145, 15149, 15578, 15749 Fig. 1b . The first column is comprised of the systematic gene name and the common name is given in brackets. The second column lists the annotations of the genes. Genes marked in bold fullfill stringent gene filter criteria (Fig. 2) .
YDR343C (HXT6)
